I. INTRODUCTION
Floods can be well detected in Synthetic Aperture Radar (SAR) data due to the relatively large contrast between smooth open water and non-water areas. A limited number of automatic algorithms has been developed to derive the flood extent from SAR data [2, 3, 6, 7] . In comparison to optical sensors SAR offers the unique opportunity to detect flooding beneath vegetation. This is enabled by multiple-bounce effects of the SAR signal between the water surface and lower sections of the vegetation which results in an increased signal return [8] . Automatic flood detection approaches generally only focus on open water and do not consider partially submerged vegetation. This is due to the fact that the signal return from flooded vegetation is complex and strongly depends on SAR system (wavelength, polarization and incidence angle) and environmental parameters (canopy type, structure and density) [1, 8, 9] . Therefore, the automatic derivation of thresholds for separating flooded vegetation using only single temporal data is complex.
The objective of this study is the backscatter analysis of several semantic classes in multi-temporal SAR data, with a focus on partially submerged vegetation. With the motive to further improve and support the development of flood mapping applications, the intention of the time-series analysis is to provide general information about the backscatter behavior in the study sites' heterogeneous landscapes. The first study is performed along River Saale, Germany, based on 39 TerraSAR-X (TSX) data of the time interval 2009 to 2013, supplemented by 7 ALOS PALSAR L-band data and one single RARARSAT-2 C-band scene. The second time series analysis is carried out at River Wabash, USA, based on 27 coregistered single look slant range complex (CoSSC) data of the TanDEM-X (TDX) mission acquired between 2011 and 2014. Occurring flood events in both times series allow the evaluation of variations of the SAR signal between flood periods and normal water level conditions.
II. METHODOLOGY
This section describes the workflow for performing the SAR time-series analysis for two areas of interest (AOI), including data pre-processing, the selection of test classes and the statistical analysis For validation purposes and selection of useful test classes the following data sets are used: Water level data of the gauging station Rischmuehle/Saale, a high-resolution LiDAR-DEM, in-situ photographs of selected test classes acquired during a validation campaign in August 2013, and color infrared (CIR) aerial optical data of the flood plain (date: 2011-01-17, resolution: 0.5 m). AOI 2 is located at lower Wabash River, serving as the state boundary between Indiana and Illinois, USA ( fig. 2) . The study area is close to the outfall into Ohio River. The lowlands along the river are characterized by farmland and deciduous forests (tulip trees, maple, cottonwood, and shrubs). Wet prairie, swamps, sloughs, oxbows and marshes with reed are encompassed in the bottomland. The lower Wabash River contains sand, gravel and rock substrate and feature pools and riffles. While the Wabash River mostly remained its natural flow patterns, the changing land use of the surrounding area generally causes increased runoff rates 
B. Pre-processing and statistical analysis
The SAR data are converted to sigma naught (σ 0 , dB) to ensure that data from different sensors and acquisition modes are statistically comparable. RADARSAT-2 and PALSAR data were registered on the geometry of the TSX and TDX scenes, which show a high positional accuracy. The statistical analysis of the time series for both AOIs was performed for 3 test classes, respectively. The polygons were manually digitized based on the available auxiliary data sets. Each class consists of several test sites with relatively homogenous surface characteristics. To reduce or eliminate the influence of radar shadows, especially at the edge of vegetation areas, the outline of the polygons was set at an appropriate distance from edges of homogenous areas. Classes AOI-1-1 and AOI-2-1 consist of permanent water bodies. To eliminate the effects of riparian vegetation and water level changes only large water bodies such as lakes and main rivers were selected. In AOI 1 several areas of deciduous dense forests were separated in occasionally flood affected (class AOI-1-2) and perennial non-flood affected (class AOI-1-3) test sites. Both are covered by trees with a height of ca. 20-25 m and show a dense canopy. In AOI 2 test regions covered by reeds and bushes are separated in occasionally affected by floods (class AOI-2-2) and perennial non-water covered (class AOI-2-3). The flood affected samples consist of deciduous bushes of medium height and reeds. Equivalent bush areas with the same characteristics in dense and height of vegetation are selected for AOI-2-3.
III. RESULTS AND DISCUSSION
This section highlights significant trends and extreme values in the time course of σ 0 and bistatic coherence of the selected classes of both AOIs ( fig. 3, 4) . The main findings are the following:
• Permanent water (class AOI-1-1 and AOI-2-1) is showing strong fluctuations of σ 0 in X-band through the entire time course (Δ10.0 dB and Δ6.3 dB). As all data of AOI-1 are acquired within the same incident angle range this fluctuation can be related to different surface roughness conditions due to wind effects. In L-band lower but still strong changes of the backscatter (~Δ4.5 dB) appear over time. This confirms that thresholds of changing σ 0 for water detection have to be set individually for each scene, especially for X-band data, e.g. using automatic thresholding algorithms. Empirically pre-defined threshold values could lead to a significant misclassification of the flood extent. In contrast, bistatic coherence for class AOI-1-2 shows very low fluctuations over time (Δ0.04) due to a low sensitivity of this parameter to different roughness conditions of water and therefore can be well used in synergy with backscatter information for the optimized detection of open flood surfaces.
• For the following non-flooded period, the coherence and backscatter of class AOI-2-2 shows similar characteristics as class AOI-2-3. This underlines the similarity of the samples of the two classes and confirms the impact of the inundation in the first period. By comparing the classes AOI-2-2 and AOI-2-3 in the non-flooded period, the backscatter has a smaller variance than the coherence. 
IV. CONCLUSION AND OUTLOOK
Due to the relatively low sensibility of the bistatic coherence to water surface roughness and its high sensibility to partially submerged vegetation it can be synergistically used with amplitude data for optimized detection of flood surfaces. There is a great potential in detecting flooding beneath vegetation in all wavelengths, even in X-band for sparse vegetation or leaf-off forests. Inundated, dense, deciduous forests can hardly be detected in X-band due to increased canopy attenuation and volume scattering. A single fixed empirical threshold for automating the detection of partially submerged vegetation of various types is nearly impossible due to the dependency of the SAR signal return over partially flooded vegetation on various system and environmental parameters. Approaches seem to be viable which consider various parameters. E.g. fuzzy logic-based algorithms could be used for combining different absolute backscatter thresholds for various semantic classes (e.g. forest during leaf-off and leaf-on phase, cropland, grassland) and change detection information based on backscatter differences between single pre-flood or time series data and the crisis image. Further, SAR data of various wavelengths, incidence angles, and polarizations could be integrated to account for different backscatter mechanisms.
